Urban land cover classification for high-resolution images is a fundamental yet challenging task in remote sensing image analysis. Recently, deep learning techniques have achieved outstanding performance in high-resolution image classification, especially the methods based on deep convolutional neural networks (DCNNs). However, the traditional CNNs using convolution operations with local receptive fields are not sufficient to model global contextual relations between objects. In addition, multiscale objects and the relatively small sample size in remote sensing have also limited classification accuracy. In this paper, a relation-enhanced multiscale convolutional network (REMSNet) method is proposed to overcome these weaknesses. A dense connectivity pattern and parallel multi-kernel convolution are combined to build a lightweight and varied receptive field sizes model. Then, the spatial relation-enhanced block and the channel relation-enhanced block are introduced into the network. They can adaptively learn global contextual relations between any two positions or feature maps to enhance feature representations. Moreover, we design a parallel multi-kernel deconvolution module and spatial path to further aggregate different scales information. The proposed network is used for urban land cover classification against two datasets: the ISPRS 2D semantic labelling contest of Vaihingen and an area of Shanghai of about 143 km 2 . The results demonstrate that the proposed method can effectively capture long-range dependencies and improve the accuracy of land cover classification. Our model obtains an overall accuracy (OA) of 90.46% and a mean intersection-over-union (mIoU) of 0.8073 for Vaihingen and an OA of 88.55% and a mIoU of 0.7394 for Shanghai.
Introduction
Urban land use and land cover information is essential for understanding the constant changes on the surface of the Earth and associated socioecological interactions [1] . This information has great value for land resource management, urban environment monitoring, change detection, and nature conservation [2] [3] [4] . With advances in remote sensing data acquisition technologies, a huge amount of remote sensing images with high spatial resolution are steadily becoming more widespread [5, 6] . This opens new opportunities for urban land cover information extraction at a very detailed level [7] . However, the manual interpretation of such massive and complex images is time-consuming and labor-intensive. Hence, it is urgent to interpret high-spatial-resolution remote sensing images in intelligent and automatic methods for land cover classification [8, 9] .
1.
The proposed network uses a dense connectivity pattern to build the lightweight model. Meanwhile, parallel multi-kernel convolution and deconvolution modules are designed in the encoding and decoding stages, respectively, to increase the variety of receptive field sizes that can capture different scales objects more effectively.
2.
We introduce spatial and channel relation-enhanced blocks to explicitly model spatial and channel context relationships. They significantly improve the classification results by capturing global context information in the spatial and channel domains.
3.
We propose a relation-enhanced multiscale network for urban land cover classification in aerial imagery. Case studies with the ISPRS Vaihingen dataset and an area of Shanghai of about 143 km 2 demonstrate that the proposed REMSNet can generate a better land cover classification accuracy and can produce more practical land cover maps compared with several state-of-the-art deep learning models.
The remainder of this paper is organized as follows: Section 2 discusses related work on deep learning. Section 3 describes details of our network structure. The experimental results of the classification and analysis are presented in Section 4, followed by a discussion in Section 5. The conclusions are outlined in the last section.
Related Work
Dense pixel-wise classification is also called semantic segmentation in computer vision. Recently, semantic segmentation based on deep learning has been widely used in both computer vision and remote sensing areas. There are many detailed review papers on this topic [4, 27, 28] . In this section, relevant works on high-resolution aerial imagery classification/semantic segmentation and the attention mechanism are briefly reviewed.
Semantic Segmentation for High-Resolution Aerial Images
Models based on FCN have demonstrated significant improvements on several remote sensing segmentation benchmarks. Sherrah [10] proposed a no-downsampling approach to maintain the full resolution of the feature map at every layer based on a pretrained FCN. Sun Weiwei et al. [29] introduced the maximum fusion strategy into FCN to combine semantic information from deep layers and detailed information from shallow layers. Despite the power and flexibility of the FCN model, its inherent spatial invariance does not take into account useful global context information [27] . Currently, various model variants are proposed to capture the contextual information, including aggregating multiscale context information or using graph model-based methods.
In order to fuse mutiscale context information, Yu et al. [16] designed an improved version of Pyramid Scene Parsing Network (PSPNet) [30] to extract multiscale features for high-resolution aerial images semantic segmentation. Panboonyuen et al. [17] modified the global convolutional network (GCN) [18] to further enhance the ability of extracting multiscale features from different stages of the network. However, those methods may result in a low spatial resolution segmentation result, in which class boundaries become blurry. To recover a certain extent of spatial information, the encoder-decoder architecture has been designed, such as U-Net [21] and SegNet [31] . Typically, the encoder module gradually downsamples and captures higher semantic information and the decoder module gradually recovers the spatial information [15] . Liu et al. [19] introduced skip connections with residual units and an inception module in an hourglass-shaped encoder-decoder structure to improve the segmentation accuracy of remote sensing images. Sun et al. [32] concatenated two U-Nets to allow multiple outputs for road extraction from high-resolution images. To explicitly represent class boundaries, Marmanis et al. [33] added boundary detection to the SegNet to further refine classification results. Liu et al. [34] introduced multiple weighted edge supervisions based on the encoder-decoder framework to leverage the spatial boundary context and reduce the semantic ambiguity. Some work also uses multi-source data fusion data to reduce ambiguous boundary. Audebert et al. [35] studied how to implement an efficient multiscale neural network using SegNet and ResNet [36] for dealing with multi-modal and multiscale remote sensing data. Sun et al. [37] designed a parallel multi-filter encoder-decoder structure and multi-resolution segmentation to aggregate light detection and ranging (LiDAR) data and high-resolution optical imagery and reduce salt-and-pepper artifacts.
Graph model-based methods are also an available way to obtain contextual information such as conditional random fields (CRFs). CRFs are generally used in postprocessing to refine spatial details [38] . Among those methods, CRFs only optimize the segmentation results and do not participate in the training process of the network. Some studies make CRFs differentiable [39] or turn them into a recurrent network [40] to train with the network end-to-end. He et al. [41] integrated a skip-connected encoder-decoder network structure and CRF layer to implement end-to-end network training, and the result was improved by taking more information into account. To reduce salt-and-pepper noise, Zhao et al. [11] transformed image pixel labels into semantic segments and presented a semantic segment-based CRF method to effectively exploit the contextual relationships between different categories of ground objects. However, these methods need iterative inference processes, which is a time-consuming operation.
In this work, we extend the encoder-decoder architecture to the task of land cover classification. The dense connectivity pattern and attention mechanism are introduced to the encoder-decoder architecture to better capture global contextual relations and fuse different levels of the feature map while keeping the network lightweight.
Attention Mechanism
Attention mechanism-based methods have become a powerful tool to capture long-range dependencies in neural networks [24, 42, 43] . They play an important role in many tasks including machine translation, image captioning, and video classification. Generally, attention methods are designed to calculate the representation of each position by a weighted sum of the features at all positions [44] . Bahdanau et al. [42] proposed an attention method that emphasizes the most relevant words in a source sentence when predicting a target word. Wang et al. [24] proposed a non-local operation as a lightweight and general block to capture long-range dependencies for video classification. PSANet [45] used the point-wise spatial attention to relieve the local neighborhood constraint, and a self-adaptively learned attention mask was designed to connect each position on the feature map to all the other ones. Motivated by the above attention methods, Yuan et al. [46] introduced an object context pooling (OCP) scheme to represent each pixel by exploiting the set of pixels that belong to the same object category with such a pixel.
In order to incorporate multiscale features into deep neural networks, Chen et al. [47] jointly trained the network and an attention model which weights the relevant features pixel-by-pixel at different positions and different scales. Pyramid attention network (PAN) [43] introduced a spatial pyramid attention structure to fuse different scale contextual information and produce better pixel-level attention for high-level feature maps. Previous literature has also focused instead on the channel dependencies. Hu et al. [48] modelled channel relationships by a Squeeze-and-Excitation block, which uses global average pooling to compute channel-wise attention. Sanghyun et al. [49] improved the Squeeze-and-Excitation block and proposed a Convolutional Block Attention Module to sequentially infer attention maps from channel and spatial dimensions.
Inspired by recent advances in attention approaches, we introduce the spatial relation-enhanced block to strengthen the local features via aggregating information from other positions in the coding stage. In the decoding stage, channel relation-enhanced blocks are designed to learn long-range dependencies in the channel domain.
The Proposed Network
For urban land cover classification from high-resolution aerial images, the relation-enhanced multiscale convolutional network is proposed in this work. Figure 1 shows the overview architecture of the proposed network. We first illustrate how to construct our network architecture based on existing methods in the literature. Then, we describe the main principles of the spatial relation-enhanced block and channel relation-enhanced block, which can enhance context relations among diverse ground objects. Finally, the details of the multiscale fusion module are described, including the multi-kernel deconvolution feature fusion module and spatial path design.
Proposed Network Architecture
Inspired by the encoder-decoder architecture [19] , the proposed network architecture mainly comprises a downsampling path (encoder) and an upsampling path (decoder), as shown in Figure 1a . The encoder is designed to capture abundant semantic information. Our encoder backbone adopts the idea from DenseNet [25] , which uses a dense connectivity pattern to promote the different levels of feature reuse and significantly reduces the number of parameters while increasing performance. Since local receptive fields may cause intraclass inconsistency and affect the segmentation accuracy, parallel multi-kernel convolutions and spatial relation-enhanced blocks (Figure 1c ) are also introduced in the encoder to increase receptive fields and capture global contextual information. The decoder uses upsampling layers to gradually recover the spatial information. Meanwhile, the decoder uses channel relation-enhanced blocks (Figure 1d ) which can learn long-range dependencies in the channel domain to selectively emphasize key features and suppress less useful ones. To aggregate multiscale features effectively, a multiscale fusion module is designed at the end of the decoder. The encoder, as a feature extractor, is of vital importance as its structure directly affects the speed, accuracy, and memory of the classifier. The traditional CNN adopting fixed kernel sizes limits observation scales [37] , so the first part of our encoder is the simplified inception module, as illustrated in Figure 2a . The inception module [26] consists of parallel convolutional layers with different kernel sizes (3 × 3 convolution, 5 × 5 convolution, 7 × 7 convolution). This design makes various receptive fields in each of the parallel paths, which increases the width and depth of a network. Moreover, this model can capture and aggregate features at multiple scales. Then, those features input the dense module. Their design principle is to connect each layer to every other layer in a feed-forward way. Unlike traditional convolutional networks, where L layers have L connections, the dense module has L(L2 + 1)/2 direct connections. This connectivity pattern improves the information flow between layers and makes the network easy to be trained [25] . The dense module is composed of dense blocks and pooling operations. Each dense block connects each layer to all the previous layers, as shown in Figure 2b . Therefore, the output of the l layer is defined as
where x 0 , x 1 , . . . , x l−1 is the concatenation of the feature maps produced in layers 0, . . . , l − 1, l; F(.) represents every layer in the dense block operations, which are the following operations: batch normalization (BN) [50] , then a rectified linear unit (ReLU), 3 × 3 convolution (Conv) with dropout = 0.2. Note that a 3 × 3 convolution needs a padding operation to ensure all feature maps are the same size in the dense block. Every layer in the dense block has a fixed number of convolutional filters (growth rate k). Pooling operations consist of a 1 × 1 convolution followed by a 2 × 2 average pooling layer. Finally, the spatial relation-enhanced block is introduced to capture global dependencies after the dense module. The decoder part is used to recover and aggregate different feature maps extracted by the encoder path. Combining different resolutions and scales of feature maps can improve the segmentation performance [14, 16] . Accordingly, our decoder is composed of upsampling layers, the channel relation-enhanced block, and the multiscale fusion module. Upsampling layers use deconvolution to recover the feature map resolution. Meanwhile, channel relation-enhanced blocks are used to capture the global context information when recovering the information from semantic feature maps with low spatial resolution. In order to further combine different sizes of spatial context information, the multiscale fusion module is designed at the end of the encoder. The details of the channel relation-enhanced block and multiscale fusion module are described in Sections 3.3 and 3.4.
Spatial Relation-Enhanced Block
Capturing and utilizing global contextual information is of critical importance for semantic segmentation [51] . However, local features generated by general fully convolutional networks could result in misclassification [18, 30] . In order to obtain long-range spatial relations over local features, we introduce the spatial relation-enhanced block. The spatial relation-enhanced block strengthens the local features via aggregating information from other positions, thus enhancing the network ability of feature representation.
The structure of the spatial relation-enhanced block is shown in Figure 3a . Given a feature map
is feature-map vector at spatial positions i, and N = H × W represents the number of all positions in the feature map,X denotes spatial relation-enhanced feature maps, which have the same channels as X. The spatial relation-enhanced block can then be expressed as:
where f x i , x j denotes relationships between vectors x i and x j , (X) is a normalization factor.
Therefore, f x i , x j / (X) represents normalized relationships between vectors x i and x j . g x j = W v x j represents linear transform matrices. W v implements the 1 × 1 convolution in this block. The embedded Gaussian is used as f x i , x j in our model, which calculates the similarity in an embedding space, defined as:
where m(x i ) and n x j denote the linear transform matrices: m(x i ) = W q x i , n x j = W k x j . W q and W k implement the 1 × 1 convolution in this block. The block establishes relationships between two arbitrary spatial positions, which allow for similar semantic features to contribute to mutual improvement. The enhanced features have global context information and selectively aggregate contexts according to their calculated relationships. Meanwhile, the block has a flexible form. It can be easily inserted into the network to combine both global and local information.
Channel Relation Enhanced Block
Each channel of the high-level feature maps can be taken as a specific category of response, because they have strong semantic information [48] . However, high-level features lack basic spatial information, which is not conducive for accurate boundary localization. Low-level features have finer spatial information, but they have poor semantic information because of their small receptive view. We can exploit the interdependencies between high-and low-level channel maps to improve the feature representation of specific semantics. Therefore, the channel relation-enhanced block is introduced to definitely model the relationships among channels of different-level feature maps.
As illustrated in Figure 3b , we first use global average pooling (GAP) to generate global context information from each channel of the feature map. Given a feature map
where v z ∈ R H×W denotes the z-th channel of the V, C is the total numbers of channels, and u z denotes the z-th channel squeezing global information. Then, a gating mechanism with sigmoid activation is used in this block for highlighting class-relevant channel relations and suppressing irrelevant channel dependencies [17, 48] . To reduce the computational and model parameters, we add linear transform matrices around the activation:
where W 1 and W 2 represent 1 × 1 convolution. F s (u, W) can obtain the different weights of each channel by training. The final channel relation-enhanced feature maps V are as follows:
where
. , v C ] denotes channel relation-enhanced feature maps, and × refers to channel-wise multiplication. The channel relation-enhanced block makes use of channel relations establishing weights to different levels of features; thus, class-relevant features can be assigned more weights adaptively.
Multiscale Fusion Module
Multiscale feature fusion has been proven to be effective for remote sensing image classification [14] . Therefore, multi-kernel deconvolution is designed at the end of our network to extract features simultaneously at several scales and aggregate that information. This module has three parallel deconvolutions with kernel sizes of 3 × 3, 5 × 5, and 7 × 7, while using a padding operation makes the size of the feature maps the same. Then, the average values of different-scale features are obtained. Given a feature map X as input, Z denotes integration features:
where S is the number of different kernels or scales, and W S denotes the convolutional kernel for the input map X at scale s. Different kernel sizes make it possible to integrate different-scale context information step-by-step. This module can combine different receptive field features and consider different sizes of spatial context information effectively. Spatial information is important to predict the detailed outputs in the semantic segmentation task [52] . However, consecutive downsampling operations may result in the loss of some spatial information. Inspired by the BiSeNet [52] , a spatial path is designed to further preserve the spatial information and obtain high-resolution features, as shown in Figure 1a . Finally, the spatial feature map and multi-kernel feature map are fused to predict outputs.
Experimental Results and Analysis
To evaluate the classification performance of our network, we conducted urban land cover classification experiments on two datasets: the ISPRS 2D semantic labelling contest of Vaihingen and an area of Shanghai of about 143 km 2 . Visual inspection and quantitative accuracy assessment, with overall accuracy (OA), mean intersection-over-union (mIoU), and F 1 score, were adopted to evaluate the classification results. Furthermore, the performance of our network was compared with typical land cover classification methods based on deep learning.
Study Area and Preprocessing

Study area and data description
Study area I is located in in Vaihingen, Germany. It is a relatively small town with many detached buildings and small multi-story buildings [53] . This is a benchmark dataset for aerial image classification provided by the ISPRS 2D Semantic Labeling Challenge [53] . The Vaihingen dataset consists of 33 image tiles with an average size of 2494 × 2064 and a spatial resolution of 9 cm. Among them, only 16 images have ground truth. Each image has three bands, corresponding to near infrared (NIR), red (R), and green (G). The dataset also provides a Digital Surface Model (DSM) corresponding to the image tiles. The Normalized Digital Surface Model (nDSM) provided by Gerke et al. [54] is used in our experiments. Six categories were defined in the dataset including impervious surfaces, building, low vegetation, tree, car, and clutter/background, as shown in Figure 4 . We selected five images (image IDs: 11, 15, 28, 30, 34) to evaluate our network; the remaining images were used for training, following the procedure in [19, 34, [54] [55] [56] . To reduce the impact of uncertain border definitions, another version of the ground truth with eroded boundaries is provided, on which the accuracy is measured [19, 34, [54] [55] [56] . In these images, boundaries between classes are eroded with a disk radius of three pixels. In this study, our model ignores the category of clutter/background, due to the minority sample distribution among the training tiles. Study area II is located in Shanghai, China. Shanghai has a complex spatial distribution and various types of land use. This is necessary for the automatic classification of land cover. Moreover, land cover classification can better understand and analyze cities. Three areas were selected for experimentation, namely Chongming (S2-1), Yangpu (S2-2), and Qingpu (S2-3) and their surrounding regions, as shown in Figure 5 . The study sites are located in rural, central urban, and suburban areas that are highly heterogeneous and distinctive from each other in both spatial arrangement and the types of land cover. Therefore, the areas are suitable for evaluating the generalization ability of the network. Aerial images were acquired on 17 May 2017. The images have three channels (Red, Green, Blue) with a spatial resolution of 0.5 m. Their spatial extents are 19,110 × 10,351 pixels for S2-1, 12,139 × 13,152 pixels for S2-2, and 17,863 × 11,055 pixels for S2-3. The Shanghai dataset had to be labelled before use, and the Shanghai Surveying and Mapping Institute labelled those aerial images based on existing geodatabases. Seven classes were defined among S2-1, S2-2, and S2-3 comprising building area, road, farmland, forestland, bare soil, artificial structures, and water ( Figure 6 ). In our experiment, six images were selected to evaluate our network, including four images (5983 × 4255 pixels) from S2-1, S2-2 and two images (7320 × 4902 pixels) from S2-3. The remaining images were used for training. 
Data Preprocessing and Augmentation
Due to the limited memory of Graphics Processing Unit (GPU), each remote sensing image was cropped into smaller patches of size 400 × 400 pixels, using a sliding window. All patches were normalized to [0,1] to expedite the network convergence speed in training. Previous works [25, 26] indicate that data augmentation is an effective way to virtually enlarge the training dataset size and improve the generalization ability of the network. Our training datasets are relatively small to train the proposed network, especially in the Vaihingen dataset. Therefore, following data augmentation techniques were used to increase the diversity and quantity of the training set. When training networks, each image with a size of 400 × 400 pixels was sliced into a subimage of 256 × 256 pixels randomly. Moreover, we further increased the training samples through random vertical and horizontal flips in the training progress.
Training Detail and Evaluation Metrics
All the networks were implemented based on the deep learning framework Tensorflow [57] . All experiments were on a Dell workstation with an Intel Xeon E5-2630 v3 CPU, NVIDIA GTX-1080Ti GPU (11 GB memory) and 32 GB RAM. The workstation operating system is Ubuntu 16.04. Specifically, a pretrained ResNet101 [36] was used as a backbone for deeplabv3 and PSPNet. The RMSprop [58] optimizer was utilized to optimize our networks, which operates at an initial learning rate of 0.001 and an exponential decay of 0.995 after each epoch. We trained the network using a batch size of 1 for 300 epochs. For the Vaihingen dataset, spectral information (NIR-R-G) and the nDSM were used as the network input. The input size was 256 × 256 pixels. For the Shanghai dataset, the network input was RGB images with a size of 256 × 256 pixels.
To assert the performance of the land cover classification, the confusion matrix, overall accuracy (OA), mean intersection-over-union (mIoU), and F 1 score ( F 1 ) were used. The main metrics are defined as follows:
where TP is true positive, FP is false positive, FN is false negative, and N is the total pixel number.
Results and Analysis
In this section, we show the extensive experimental results obtained with the proposed method and other typical deep learning models for semantic segmentation, including SegNet [31] , MobileNet [59] , deeplabv3 [15] , FC-DenseNet [50] , and PSPNet [30] . In addition, our method was compared with other published research on the same dataset as well. Table 1 shows the classification results in terms of the per-class accuracy, the mean F 1 score, the mIoU, and the overall accuracy (OA) of experiments on the Vaihingen dataset. As a comparison, we also show the results recently published by SVL-boosting + CRF [54] , RF + dCRF [55] , RotEqNet [56] , HSNet [19] , and ENR [34] with a model of the same architecture and size as ours. It is demonstrated that REMSNet outperforms other methods in terms of the mean F 1 score, mIoU, and overall accuracy. Specifically, comparisons with SegNet, REMSNet obtains increments of 10.33% and 3.04% in mIoU and OA, respectively. This validates the effectiveness of the relation-enhanced blocks and multiscale fusion module in our network. On the whole, the classification performance of different models is very similar, because most methods are in fact variants of FCN or SegNet. Therefore, per-class accuracy is computed to estimate the performance of recognizing distinct objects. The results indicate that our network has a better ability to distinguish objects with similar appearance, such as impervious surfaces and buildings, low vegetation, and trees, because relation-enhanced blocks capture global context relationships to strengthen feature representation. Furthermore, the proposed network achieves high performance in identifying small-scale objects, such as cars. This demonstrates that the multiscale strategy in this paper is effective. Figure 7 shows examples of classification results on the Vaihingen dataset. Most ground objects are similar in color, such as trees and low vegetation. Moreover, the shadows of trees and buildings also make classification difficult, as shown in Figure 7a ,b,e. FC-DenseNet, MobileNet, and SegNet fail to recognize them correctly. The main reason for misclassification is that the networks do not extract useful context information. The proposed method achieves high performance for those classes, which illustrates the effectiveness of the enhanced relation blocks. The classification accuracy of small-scale objects is relatively low, as illustrated in Figure 7c aerial image with the land cover classification results, with 60% transparency. In general, our network produces more accurate land cover classification results. In particular, when addressing some easily confused pixels such as trees and low vegetation, and buildings and cars, the proposed method shows better performance. To further show the classification performance of our network, Figure 8 shows a full image land cover classification result on the Vaihingen dataset. Figure 8 is generated by overlapping the original aerial image with the land cover classification results, with 60% transparency. In general, our network produces more accurate land cover classification results. In particular, when addressing some easily confused pixels such as trees and low vegetation, and buildings and cars, the proposed method shows better performance. 
Results of Vaihingen
Results of Shanghai
In this subsection, we present the experiments on the Shanghai dataset to further assess the effectiveness of our network. Table 2 shows the quantitative classification results of the Shanghai dataset. As expected, the proposed method outperforms the other approaches in almost every evaluation index. In detail, the method achieved the largest mIoU of up to 73.94%, obtaining an improvement of 6.39% in mIoU compared with FC-DenseNet. The class road of the Shanghai dataset is hard to correctly label in most previous methods because of the shelter of trees and buildings, and the proposed network can achieve an above 8.93% increased accuracy of this class compared to Deeplabv3 because our network captures global context information and fuses different scales ground objects better. Note that the classification accuracy of the artificial structures is generally low due to the relatively small sample size and diversified components. Figure 9 shows the land cover classification results of our method for the Shanghai aerial image labeling dataset. Figure 9a ,b shows that most methods fail to segment the boundaries of farmland and forestland, because they have a similar texture. With the help of enhanced relation blocks, the proposed method achieves better performance when dealing with the same situation. High-resolution aerial images generally have characteristics of high intraclass variance, such as trees in building areas and clutter in artificial structures, as shown in Figure 9c ,d,e. The common methods misclassify these classes owing to the lack of global context information. Enhanced relation blocks have a better ability to collect context relationships, reducing the chance of misclassification. Moreover, small-scale ground objects tend to be confused by the networks, as shown in Figure 9f , and roads are divided into discrete sections by most methods, while the proposed method can provide a relatively continuous road segmentation result. Figure 10 shows a large-scale aerial scene (area S2-1, S2-2, S2-3) as well as urban land cover classification results. The spatial distribution of the different land cover classes can be inferred from these land cover classification results, which can better understand and analyze cities. 
Discussion
Influence of the Different Modules on Classification
In our network, spatial and channel relation blocks were employed to explore global context relationships in both spatial and channel domains. Meanwhile, we also designed parallel multikernel modules to fuse different-scale features. To evaluate the performance of these modules, we performed experiments with different settings, as shown in Table 3 . The ablation experiments were conducted on the Shanghai dataset, where A FC-DenseNet-98 is the basic network. As can be shown in Table 3 , relation-enhanced blocks bring a significant improvement as compared to the baseline network. In detail, the mean 1 and mIoU improved by 4.92% and 6.39% because relation-enhanced blocks help with enhancing useful features while suppressing interference information, improving the segmentation performance. Meanwhile, the multiscale module also improves the performance. The mIoU was improved by 2.63%. The results indicate that multiscale fusion can capture different--scale objects. To further demonstrate the classification performance of different modules, the IoU and precision changes of per class were counted, as shown in Figure 11 . In general, relation-enhanced 
Discussion
Influence of the Different Modules on Classification
In our network, spatial and channel relation blocks were employed to explore global context relationships in both spatial and channel domains. Meanwhile, we also designed parallel multi-kernel modules to fuse different-scale features. To evaluate the performance of these modules, we performed experiments with different settings, as shown in Table 3 . The ablation experiments were conducted on the Shanghai dataset, where A FC-DenseNet-98 is the basic network. As can be shown in Table 3 , relation-enhanced blocks bring a significant improvement as compared to the baseline network. In detail, the mean F 1 and mIoU improved by 4.92% and 6.39% because relation-enhanced blocks help with enhancing useful features while suppressing interference information, improving the segmentation performance. Meanwhile, the multiscale module also improves the performance. The mIoU was improved by 2.63%. The results indicate that multiscale fusion can capture different-scale objects.
To further demonstrate the classification performance of different modules, the IoU and precision changes of per class were counted, as shown in Figure 11 . In general, relation-enhanced blocks and the multiscale module improve land cover classification results, especially in the category of water and bare soil. Table 3 . Detailed performance of the proposed network with different settings. SREB: spatial relation-enhanced block; CREB: channel relation-enhanced block; MS: multiscale fusion module. The largest classification accuracy is highlighted in bold.
Method
Mean As shown in Figure 12 , the classification mIoU and mean F 1 of REMSNet increase with the gradual increase of the different modules, while the number of trainable parameters and the average inference time of the single image did not increase significantly. Trainable parameters increase by 0.66 million and the average inference time is basically unchanged when the network adds relation-enhanced blocks. It is worthy of note that multiscale fusion module increases a greater number of trainable parameters and the inference time compared with other modules. The main reason for this is that parallel multi-kernel deconvolutions in the multiscale fusion module have multiple branches which increases the number of parameters and the inference time. 
Model Size and Efficiency Analysis
In order to analyze the model size and efficiency, we counted the number of trainable parameters and the average inference time of the single image based on the Shanghai dataset. Meanwhile, the accuracy of different models was also counted based on the Shanghai dataset and Vaihingen dataset, as shown in Table 4 . All network input image sizes are 256 × 256 pixels. The MobileNet and the proposed REMSNet have fewer trainable parameters. Specifically, the number of trainable parameters of REMSNet reduced by 81% compared with PSPNet. Meanwhile, the REMSNet has the highest mIoU. The results demonstrate the practical utility of the proposed models, especially in the case of limited samples. Our network has a higher-than-average inference time for a single image because the network adopts parallel multi-kernel deconvolutions in the multiscale fusion module. On the one hand, this structure promotes different-level feature fusion; on the other hand, it has multiple branches, which increases the inference time. Our future work will focus on further improving the network computational efficiency in the case of small-sample classification. 
Conclusions
This study presents a new REMSNet method for urban land cover classification from high-resolution aerial images. The proposed network connectivity pattern is based on DenseNet, which remarkably reduces the number of parameters while maintaining good performance. Meanwhile, the inception module is adopted in the initial encoding stage to overcome the problem of fixed receptive fields. Then, spatial and channel relation-enhanced blocks are used to capture global context information in the spatial and channel domains, respectively, to enhance feature representation and reduce intraclass inconsistency. Finally, the parallel multi-kernel deconvolution module and spatial path in the decoding stage are designed to further aggregate features simultaneously at several scales. The comprehensive ablation studies on the Shanghai dataset show the effectiveness of the proposed modules. In addition, the experimental results based on Vanhigen and Shanghai datasets demonstrate that the proposed REMSNet can obtain comparable or even better performance compared with the state-of-the-art methods while being relatively smaller in terms of the number of trainable parameters. Note that the proposed network computational efficiency is relatively low. In future work, we will focus on further optimizing the network structure and reducing the model size to improve the network computational efficiency. 
